Traditional agricultural systems and their spatial context constitute socio-ecological landscapes for their long co-evolutionary history. However, these systems not only generate positive but also negative agri-environmental externalities, such as soil erosion, diffuse pollution and potential wild biodiversity degradation. In this paper, we present a methodological approach for developing and testing indicators to estimate the effects of these externalities, especially designed to be used to help guide land-use policy changes. Our results show that the indicators proposed can recognize the different environmental situations posed by the three selected study areas, in terms of potential erosion and diffuse pollution, as well as in the actual agri-environmental externalities assessment. As expected, they also respond to the changes in land use and management introduced by two scenarios, ecological and productive. Although the erosion and diffuse pollution indicators showed a linear response, the diversity indicator showed a non-linear response, which highlights the importance of the spatial structure of landscape in agri-environmental assessment. In fact, several ecological processes can be affected by landscape spatial structure, potentially giving unexpected results both in terms of indicators and of real impact of agri-environmental externalities. Therefore, some landscape structure assessment should accompany that of externalities when considering land-use policy objectives.
Introduction
Historically, the essential role of agriculture has been the provision of food. However, in recent years, its multifunctional value to society has been assumed [1] . This means that in addition to producing food, it must also contribute to economic and social development. In addition, at present the way that food is produced and consumed is vital for a sustainable food future. Therefore, one of the greatest global challenges is to increase agricultural production reducing its current impact on climate, water, and ecosystems, and maintaining the supply of ecosystem services (i.e., soil productivity, water purification, carbon uptake, landscape quality) and biodiversity [2] . In the European Union (EU), the Common Agricultural Policy (CAP) is the key element to determine rural policies for agriculture and environmental management [3] . The early stages of CAP implementation in the 1960s were especially focused on two aspects: farm income through a system of fixed common price, and agricultural production efficiency through structural changes in traditional farms [4] . This productivist and economic-oriented agricultural approach had a direct impact on agriculture
1.
To propose indicators to adequately assess the impact of the agri-environmental externalities of soil erosion, diffuse pollution and biodiversity, at a landscape level.
2.
To illustrate their performance by proposing scenarios of possible changes in olive grove management for two olive oil Protected Denominations of Origin (PDOs).
Materials and Methods

Agri-Environmental Indicators
The European Environment Agency (EEA) defines an indicator as "a measure, generally quantitative, that can be used to illustrate and communicate complex environmental phenomena simply, including trends and progress over time-and thus helps provide insight into the state of the environment" [22] . The pioneering work of the Organisation for Economic Co-operation and Development (OECD) set the criteria for indicator selection [23] . Both from the EEA definition and the OECD criteria, we highlight several characteristics as leading criteria to organise and propose a conceptual framework [24] for selecting environmental indicators to be used as a guide in land planning and socio-ecological landscape management. These should be:
1.
Quantitative [22] , and in equation form, to be computable for each specific situation or case study (which complies with "being either national in scope or applicable to regional environmental issues of national significance" [23] ).
2.
Be simple, easy to interpret [23] , (i.e., based on "canonical", not synthetic or compound) variables.
To "communicate complex environmental phenomena simply" [22] , those variables should be related to clear physical or biological processes. 3.
Straightforward, of easy interpretation, and if possible they should enable the assessment of potentialities or risks as well as, or rather than, net quantities. In other words, whenever possible they should distinguish between the physical or ecological properties of the environmental systems in which socio-cultural landscapes develop, and the variable part, specific (and more contingent) entities such as land-cover/land-use types. In this way, "their response to changes in the environment and related human activities" [23] would be made more clear, and the structure would better accommodate hypothesis testing (e.g., comparing alternative scenarios of change by "linking indicators to economic models, forecasting and information systems" [23] ).
4.
Appropriate to the scale and resolution of initial data. To be useful in the context of productive systems, indicators must be calculated at the appropriate spatial scale, set by the size of the most abundant individual production unit. Depending on the externality assessed, indicators calculated at a coarser scale could render an image too fuzzy to be considered as a basis for management. In addition, depending on the use to be given to the indicators, initial data resolution is highly relevant. Bottom-up approaches such as those revised by Payraudeau and van der Werf [25] , in which data are directly obtained from individual exploitation units, can be costly and very time consuming. Top-down as well as bottom-up approaches are needed to reach the desirable integration between land planning and socio-cultural landscape management. An appropriate selection of compatible indicators calculated for each approach, based on initial data referring to common "canonical" processes, could help in this.
Needless to say, the remaining characteristics stated by the OECD [23] (e.g., "be theoretically well-founded in technical and scientific terms", "have a threshold or reference value", "be based on international standards", "provide a basis for international comparisons") can be derived from these leading criteria.
On the other hand, our three agri-environmental externalities-soil erosion, diffuse pollution and biodiversity-can be associated with existing agri-environmental indicators among those proposed by the European Commission [26] , with varying degrees of compliance with framework criteria and aims. For soil erosion the use of the Revised Universal Soil Loss Equation (RUSLE) is proposed, which directly measures soil loss by runoff, and thus fully fits into the framework. However, in the case of diffuse pollution, among the several indicators (Risk of pollution by phosphorus, Pesticide risk, Mineral fertiliser consumption, Consumption of pesticides, Gross nitrogen balance) some are not fully developed (Pesticide risk), or do not fully match the stated framework (e.g., in spatial scale, data availability) or aim (see discussion below about the source and sink issue) under its present definition. Similar considerations could be made about those related to biodiversity (Agricultural areas under Natura 2000, High nature value farmland, Population trends of farmland birds, Landscape state and diversity).
In this context, we propose the following indicators, which according to the details stated in each section below must be considered proxy indicators [24] :
Soil erosion: In accordance with the EEA, we propose for our framework the RUSLE [27] as the soil erosion indicator. Although calculations of soil erosion using an improved version of the RUSLE have been made for the EU, at a spatial scale of 1 ha (RUSLE2015 [26] ), as our framework demands, it is not available for Spain. Therefore, we need to calculate soil erosion for this paper, with the following equation:
where ErI is the annual soil loss in t·ha −1 ·yr −1 . This equation is widely used and meets criteria 1, 2 and 3 (square brackets differentiate between physical and variable parts). Its detailed consideration of all processes involved in soil erosion by runoff, however, implies the need for data that cannot be obtained without an appropriate sampling at farm level, mainly regarding soil properties and management practices. Therefore, to meet criterion 4 we made some simplifications regarding factors K and C. The soil erodibility factor (K), given the lack of a general consistent soil cartographic database for the whole of Spain, was derived from the parent material (geologic map 1:50,000, [28] ), using tables from [29] and expert confirmation. For the cover management factor (C), we used general tables compiled by the Nature Conservation Institute [30] . As regards the remaining parameters, the rainfall erosivity factor R was obtained from the Spanish Meteorological Agency, and the slope length and steepness factor LS was calculated following the method of McCool et al. [31] and the Calsite approximation [32] for λ calculation. Computation of the first part gave the Potential Erosion Map (considered invariable at short time scales as it depends only on climatic, geologic and topographic variables), and its combination with factors C and P (support practices factor) the final value for the erosion indicator, the Estimated Erosion Map. Diffuse pollution: Diffuse pollution has three components according to the paths pollutants can take: atmospheric, land surface and subterranean. Given the complexities inherent to atmospheric and subterranean circulation models, we concentrate on pollution carried by runoff fluxes. In addition, Sustainability 2018, 10, 2640 5 of 25 the problem of diffuse pollution in a given piece of land can be considered from two viewpoints, sink or source of pollutants. In our context of agri-environmental externalities, the detection of areas with a high risk of becoming strong sources of pollutants is a priority. Most indicators are devised to assess diffuse pollution in target areas from the sink perspective, by collecting data from a framework of assessment stations. This is the proper thing to do to evaluate the result of pollution-control policies, but it is not enough when designing policies and focusing measures on specific territories and landowners. Thus, we propose the following indicator:
where the physical part is mainly a function of runoff (as a fraction, 1-I) and the area to which that runoff can reach (downslope watershed, Ar). I represents the infiltration rate, calculated as a function of slope (Slp):
This was derived from a regression function (R 2 = 0.98) adjusted to the relativized data provided by the experiments of Nassif and Wilson [33] .
The edaphic parameters, permeability (Pe, Equation (2)) and pollutant retention coefficient (Rt, Equation (1)), take into account the different characteristics of substrate, and were derived from the geologic map as proportions (0-1). The proportion (%) of total area affected by emissions on a given territory unit (Ar) was computed as the surface area of the downslope watershed in ha, and relativized by the total area considered in the study.
The physical part resulted in a Potential Diffuse Pollution Map, to which the variable part (pollutant emission from each territory unit, Po) was incorporated to get a final Diffuse Pollution Emission Risk Map. Within the proposed conceptual framework, this final map could be specific for a given pollutant (organic such as any given pesticide, or mineral such as N or P), if the appropriate parameters (regarding half life or degradation/metabolism rates, water solubility, interaction with substrate, etc.) are incorporated in the indicator's equation. Indicator units would then be pollutant net quantities, mass or concentration, depending on input units. Conversely, the final map could be a general one if, for example, the aim is the detection of critical source areas where the use of agro-chemicals should be discouraged, or when comparing management practices for a given crop type, for which treatments can vary in number and/or intensity but not composition. This is the case illustrated in this paper, in which pollutant emission is quantified as the number of agro-chemical treatments involved in each olive grove type [34] . Consequently, in our case the DPoI has no units. If no agro-chemical treatment is applied, although the indicator would give a 0 value, this would only mean the return to the basal situation, in which a certain amount of soil content (N, P, etc.) is transferred between ecosystems/land-covers.
Biodiversity: Impact assessment of agriculture on biodiversity is an issue of great relevance [35] but also difficult to address at landscape scale, due to the extremely high diversity of taxonomic groups, life forms, body sizes, biological cycles, home ranges and dispersion distances involved, making it unmanageable to quantify without extensive and multidisciplinary sampling at farm level. That is, from the ecological point of view biodiversity at landscape scale should be addressed considering as many biological groups as possible, not only birds (as the Population trends of farmland birds indicator does), and also all land-use/land-cover types, not only agricultural ones (as the Agricultural areas under Natura 2000, High nature value farmland, Landscape state and diversity indicators do). Due to the problem of data availability, the usual approach in landscape ecology is to quantify diversity of land-cover types by means of different landscape metrics, based on the scientifically grounded principle that each land-cover type has its own cohort of species. In this way, a greater biodiversity can be inferred from a greater number of land-cover types (habitat diversity and matrix effects, see [36] ). Broadly, natural and semi-natural land covers are considered as reservoirs for potential restoration and as refuges (and habitats), as well as stepping stones for wild and agriculturally sensitive species, Sustainability 2018, 10, 2640 6 of 25 beneficial to the biodiversity of an area [37, 38] ). Following this approach, we chose the Interspersion and Juxtaposition Index (IJI) [39] as a spatial diversity index:
where m is the number of land-cover types in the landscape, e ik is the length of edge between uses i and k (i.e., contact), and E is total edge length in the landscape. This index is based on information theory, and is analogous to the Shannon-Wiener index of diversity [40] , but instead of relative abundance of species, it computes relative abundance of edges between pairs of land-cover types. In this way, a landscape composed of a patch surrounded by only another land cover, would attain the lowest value (0), while a landscape composed of several patches, each one belonging to a different land-cover type and equally in contact with the rest of patches (equal edge length) would reach the maximum value (100). The IJI index was chosen instead of other indices because it considers explicitly edge length between pairs of land covers, which can be considered as a measure of probability of species interchange.
Study Area
In Spain, the production of olive oil from (mainly) monospecific stands of Olea europaea L., has a great economic importance (olive oil contributes €5600 million, almost 6% of the total production of the Spanish agro-food industry) and territorial extent (approximately 2,600,000 ha). Olive crops have historically been exploited in rain-fed extensive regimes in all types of terrains (even on sloping land), with the Andalusia region being the main area occupied by these crops [41, 42] . The Spanish olive oil socio-ecological landscapes have an essential multifunctional role: a multi-habitat agricultural landscape with high values of biodiversity [43] , a basic component of the economy representing close to 10% of national agricultural income, and a social cohesion factor, considering that more than 10% of the agricultural sector is employed in olive crops [44] .
Two Protected Designations of Origin (PDOs) were selected to illustrate the performance of the agri-environmental indicators proposed. The first one, Sierra Mágina, is located in Jaén province (Andalusia, southern Spain, Figure 1 ), the main olive oil productive region in Spain. It has a continental Mediterranean climate with mountain influence, with mean annual temperature of 14.7 • C, and mean annual precipitation of 530.5 mm. Sierra Mágina comprises nearly 150,000 ha, with 60,000 ha devoted to olive groves, mainly on sloping land (>15%) due to its mountainous character, with a quite even distribution of rain-fed and irrigated olive groves. Inside the PDO is located the Sierra Mágina Natural Park, an area of 19,960 ha that includes the main ecosystems associated to its altitudinal gradient. The second one is Bajo Aragón, located to the north-east of Spain ( Figure 1 ). It has a continental Mediterranean climate, with mean annual temperature of 15.9 • C and mean annual precipitation of around 417 mm. Bajo Aragón comprises more than 627,000 ha of medium to low slope terrain, mainly devoted to agriculture and pasture. Olive groves are not as widespread as in Andalusia (just 45,000 ha, less than 10%), and management practices and history are also somewhat different. From these PDOs three rectangular windows of 5 × 3 km were selected to have three different situations of olive grove cultivation: a high slope landscape (HSL, from Sierra Mágina); a medium slope landscape (MSL, from Bajo Aragón) corresponding to the region of Matarraña, often compared to the Italian Tuscany in relation to geomorphology and olive grove cultivation; and a low slope landscape (LSL, from Bajo Aragón).
Andalusia (just 45,000 ha, less than 10%), and management practices and history are also somewhat different. From these PDOs three rectangular windows of 5 × 3 km were selected to have three different situations of olive grove cultivation: a high slope landscape (HSL, from Sierra Mágina); a medium slope landscape (MSL, from Bajo Aragón) corresponding to the region of Matarraña, often compared to the Italian Tuscany in relation to geomorphology and olive grove cultivation; and a low slope landscape (LSL, from Bajo Aragón). 
Data Collection and Analysis
The base map for all analyses was the Spanish Land Registry Office map (Catastro), the official cartography of non-urban properties, as the land unit for olive grove management is the estate. Information on land-cover/land-use types was obtained from two datasets: for Sierra Mágina, the Andalusian Map of Land-Use and Vegetation Cover (MUCVA), and for Bajo Aragón the Spanish System of Land Occupation (SIOSE) map. To make both areas comparable, the SIOSE was reclassified into the categories of MUCVA, and the information of both datasets subsequently transferred to the Catastro base map. A slope map was derived from the 5-m resolution digital elevation model (DEM), and a slope mean value assigned to each polygon in the base map. The environmental data were completed with RUSLE factors C and P, obtained as explained above and assigned to each land-use type.
Estates devoted to olive cultivation were confirmed using official data [45] , and their current number of olive trees was incorporated to the base map. Polygons were then classified according to slope and olive density into the olive grove types defined by the Spanish Association of Olive grove Municipalities ( [34] ; see Table 1 ). Olive grove polygons were then extracted as an independent map for agri-environmental indicator sampling.
In addition to the current situation, two alternative management scenarios were proposed to illustrate the indicators' performance. Scenarios usually imply several management changes, not only one, in the general direction indicated by scenario name:
1.
Ecological scenario: olive groves on high slope terrain are transformed into ecological production (keeping herbaceous natural cover and no use of agro-chemicals, either pesticides or inorganic fertilizers). The new olive grove types implies a different factor C for the RUSLE equation, a change in the number of agro-chemical treatments, and a new set of land-use types, thus potentially changing the agri-environmental indicators.
2.
Productive scenario: all rain-fed olive groves are transformed into irrigated, and tree density is increased for those currently irrigated. The main objective for this management shift would be to increase production as much as possible at the lowest possible cost (only one change). In this case the number of agro-chemical treatments changes with intensification, and a whole set of land-use type is lost (rain-fed olive groves). For each landscape and management scenario, all agri-environmental indicator maps were obtained on a 10 × 10 m grid basis from the data stated in the indicators section, applying the corresponding formula to each grid cell. All calculations were made using ArcGIS 10.3 software (ESRI, Redlands, CA, USA). To further illustrate indicator performance, a repeated measures analysis of variance (ANOVA) was applied to compare each proposed scenario and the current situation, for each landscape. IBM SSPS Statistics 22.0 software was used (IBM Corp., Armonk, NY, USA, 1989-2013). For each indicator, scenario (current vs. proposed) was used as the between-subjects factor, and olive grove type as inter-subject factor.
AEMO Characteristics Olive Grove Types in the Study
Results
Current Situation
It can be observed ( Table 2) The values obtained for MSL (Table 3) , showed its intermediate character for potential and estimated erosion (ErPot = 54.18 t·ha −1 ·yr −1 , ErI = 10.81 t·ha −1 ·yr −1 respectively), and also for spatial diversity (DvI = 59.07 %). In contrast, MSL attained the lowest values for the risk of potential diffused pollution (DPoPot = 0.073), following the trend of the downslope area potentially affected by runoff pollution (range 13.99-19.06 ha). In this landscape high slope olive groves are scarce, but even so the expected sequence regarding potential and estimated erosion was still observable. Spatial diversity was very similar among olive grove types.
LSL had the lowest values of potential and estimated erosion (29.51 t·ha −1 ·yr −1 and 6.65 t·ha −1 ·yr −1 , respectively; see Table 4 ). In addition, it showed the highest values for diffuse pollution risk (DPoPot = 0.416, DPoI = 1.249), and spatial diversity (DvI = 64.09%). In this landscape only traditional olive groves were present (both rain-fed and irrigated, OTMS and OTMR), without high slope or intensive types. Consequently, potential and estimated erosion were the lowest, with only slight differences between olive groves (highly overlapping intervals). In contrast, potential and estimated diffuse pollution risks were the highest of all study areas (again with highly overlapping intervals between types). Values for downslope area potentially affected by runoff pollution followed the same trend, with similar high variance (226.98 ± 193.22 ha for OTMS; 70.49 ± 113.04 ha for OTMR). Spatial diversity attained also the highest values of all, without great differences between olive grove types.
Management Scenarios
The changes assumed by the ecological scenario (high slope to ecological production), mean a clear decrease in agro-chemical treatments (no use for those olive grove types), and both a reduction in RUSLE factor C (by keeping herbaceous natural cover) and a potentially more intricate landscape. This is attained by the replacement of up to four olive grove types by four new ones in which the herbaceous natural cover somehow implies the introduction of natural elements into agricultural ground. This mixture has a positive effect on biodiversity, and changes the spatial configuration of land uses.
An ecological scenario that involved applying these 'greener' measures to high slope olive groves would affect our study areas differently: HSL would be the most sensitive landscape (35% of its area is devoted to the target management type), and Bajo Aragón the least affected (MSL had only 0.06%, and LSL 0%). According to these expectations, Table 5 shows a highly reduced erosion for HSL (global ErI diminished even below MSL, 9.64 vs. 10.62 t·ha −1 ·yr −1 , respectively; see Figure 3a) , a reduction of almost 50% in global DPoI for HSL (Figure 3b) , and an increase in global DvI almost to Bajo Aragón levels (52.7%, Figure 3c ). Changes in Bajo Aragón were small for MSL, and non-existent for LSL (Tables 6 and 7 ). The repeated measures ANOVAs confirmed that the changes registered by the three indicators were statistically significant. For HSL, the landscape most affected by the ecological scenario, there were overall differences between current and ecological values for all three indicators (between-subjects factor p < 0.001), and for the overall set of olive grove types (inter-subjects factor, p < 0.001). Furthermore, in spite of the fact that indicator values were only different for the affected olive grove types (4 out of 8), the interaction between scenario and olive grove type was also highly significant for all three indicators (p < 0.001). Figure 4a -c show the interaction graphs, from which it is to be noted the different behavior of DvI; whereas ErI and DPoI only change for those olive grove types targeted by the ecological scenario, DvI changes remarkably for all olive grove types. Results for MSL, although affected by the low abundance of farms with the target olive grove types, also showed significant effects of scenario (p < 0.001), management type (p < 0.001) and their interaction (p < 0.001) for ErI and DPoI. The exception was the DvI, for which the interaction was not significant (p = 0.087). The changes assumed by the productive scenario (rain-fed to irrigated, and traditional to intensive if currently irrigated) mean a clear increase in agro-chemical treatments with intensification, and both a landscape simplification, and different spatial configuration of land uses. There is a landscape simplification because rain-fed olive grove types disappear (potentially 4 out of 8), but no new intensive olive grove type is gained to compensate for the loss, so the overall result is the loss of 1-4 olive grove types in all study areas. Therefore all study areas are expected to respond to the changes involved, although again in a decreasing way due to overall area occupied by olive groves (highest in HSL) and proportion of irrigated relative to rain-fed types (lowest in Bajo Aragón).
In this scenario (see Table 8 ), there was no change in ErI for the three landscapes, as there was no change of plant covers relative to the current situation. In contrast, DPoI and DvI did reflect the management change mainly in HSL, increasing in the first case (0.630 to 0.733, Figure 5a ) due to intensification of irrigated olive groves, and decreasing in the second (39.93% to 27.42%, Figure 5b ), due to the loss of the rain-fed type and the related changes in spatial configuration. MSL and LSL also showed differences, but very slight due to the reduced areas involved (see Tables 9 and 10) .
For HSL, the repeated measures ANOVAs showed that there were overall differences between current and productive values for DPoI and DvI indicators (between-subjects factor p < 0.001), and for the overall set of olive grove types (inter-subjects factor, p < 0.001). As there was no change in RUSLE factor C, ErI did not change. Consequently, the interaction between scenario and management type was only significant for DPoI and DvI (p < 0.001). Figure 6a -c show the interaction graphs, from which it is again to be noted the different behavior of DvI; whereas DPoI only changed for the irrigated olive grove types, (2 out of 8), DvI changed remarkably for all olive grove types. In contrast, due to the high predominance of only one olive grove type, ANOVA results for MSL only showed significant effects of scenario (p < 0.001), management type (p < 0.001) and their interaction (p < 0.001) for DPoI. For LSL landscape, indicator values responded significantly to scenario (p < 0.001), management type (p < 0.001) and to their interaction (p < 0.001) for DPoI and DvI. Again, as Figure 6f shows, the response of DvI was remarkable in magnitude. 
Discussion
Our results showed that agri-environmental externalities studied can be assessed with the indicators proposed, because they are able to distinguish among different environmental and management situations, and respond significantly to their changes in a way directly relatable to the mechanisms underlying each indicator. Several studies [46, 47] agree on the importance of improving indicators to quantify these environmental externalities, to be used as a guiding tool both at farm management and environmental policy design levels. In Spain, traditional olive groves are usually located in semi-arid and arid climatic conditions, associated with degraded soils and complex geology and relief [20] , with agricultural diffuse pollution being an especially troubling issue [21, 48] .
The environmental indicators proposed were able to identify the different landscapes by their mean values of potential erosion (HSL > MSL > LSL) and diffuse pollution (LSL > HSL > MSL). Slope was the key parameter behind potential erosion, and total potentially affected downslope area for diffuse pollution. Higher slope values are associated with higher values of potential erosion, both considering landscapes separately and averaging across landscapes (high slope olive groves: 125.33 ± 65.09; low slope olive groves: 55.39 ± 26.13 t·ha −1 ·yr −1 ). Downslope area is not that intuitive, as size and shape of micro-watersheds depend on current geomorphologic and topographical characteristics, which in turn are a function of geology, slope and environmental history (including past land uses that could have conditioned present erosion land forms).
An essential part of the methodology proposed is the substitution of non-available data (mainly measurements at farm level) with available surrogates that could constitute accurate enough approximations to be used in environmental externalities assessment. In the present study this is represented mainly by the use of geologic maps to derive edaphic parameters. The available data we found was only comparable with the erosion indicator (ErI), and it showed that our results were completely in the range of those obtained by other authors (e.g., [49] [50] [51] ). Specifically, Vanwalleghem and coworkers [52] measured an average soil erosion rate between 29 and 47 t·ha −1 ·yr −1 , for three medium-high slope sites in southern Spain, over a 250-year period. For a slope range of 12.75-36.46%, we obtained a comparable range of 19.39-48.03 t·ha −1 ·yr −1 . Similarly, studying low slope olive groves in Córdoba (southern Spain), Gomez and coworkers [50] estimated an average of 12.47 t·ha −1 ·yr −1 for conventional rain-fed olive crops, and 1.95 t·ha −1 ·yr −1 for the complete herbaceous cover alternative. As the rest of the edaphic parameters are based mainly in the same parent material characteristics as factor K, the procedure can be considered valid for the purpose of agro-environmental externalities assessment.
The agri-environmental indicators also showed a good response to the management changes introduced by the different scenarios proposed. In general, this response implied a change in indicator values of similar magnitude to that of the corresponding driving variable. Thus, for example, a reduction of 96% in factor C for the ecological scenario gave a reduction of 93.94-96.25% in estimated erosion, or an increase of 33.33% in the number of agro-chemical treatments gave a similar increase in the diffuse pollution indicator.
In contrast, the spatial diversity indicator showed a different behavior regarding response level: instead of being linear, it was several times greater or lower than the change in its driving variable (in this case, the number of land-use types), depending on landscape. For HSL, an increment or decrement of 8.33% in the number of land uses brought about a change of the same sign ranging from 25.89-36.83% in spatial diversity, for all olive grove types. Conversely, in MSL an increase of 7.14% gave a decrease of 1.2%, and a similar decrease produced an increase of 0.2%. For LSL, the same decrease induced both a positive (0.27%) and a negative response (−5.91%) depending on olive grove type considered. This was further confirmed by the statistical results: although scenario changes involved only a part of the potential olive grove types, the response given by the DvI affected all of them (Figures 4c and 6c,f) . Only in those cases where the number of the target olive grove types was insufficient for statistical detection (MSL), scenario and management interaction was not significant. Therefore, the spatial diversity indicator did respond to the changes in its driving variable, and this response could be said to be non-linear. This fact reveals the importance of spatial configuration for landscape function: the gain or loss of a land-use has different consequences depending on where that change takes place (i.e., the landscape context).
Landscape configuration can affect the processes involved in the agri-environmental externalities considered, buffering or amplifying the management effects on agro-ecosystem function. For example, different plant covers interact differently with pollutants and sediments in runoff water, whose flow they can also modify, thus altering the final outcome of diffuse pollution and erosion [53, 54] . The spatial configuration of land-covers can affect biodiversity, modifying individual patch size and connectivity with similar patches [55] , acting as ecological barriers or corridors for species dispersal [56] , thus potentially increasing or decreasing α and β diversity [57] , and favoring or deterring phenomena like plague susceptibility [58] . Therefore, to better address the question of biodiversity at landscape scale, it is clear that some empirical data about the species composition of each land-cover would improve the performance of any landscape metric used as an indicator of agri-environmental impact on biodiversity.
Conclusions
Indicators play an essential role in objectively assessing actions and processes involved in the ecological, economic, and social aspects of sustainable agriculture. Available indicators allow the farmers to contrast their farming practices related to nutrient balances, energy efficiency or productivity [59] . However, regarding some of the agri-environmental externalities examined in this paper (namely diffuse pollution and biodiversity), work is still needed to improve existing indicators if they are intended to be used a guide in land planning and socio-ecological landscapes management.
Our results showed that the indicators proposed can be used to assess these agri-environmental externalities, because they are able to distinguish among different environmental and management situations, and show a good response to their changes in the different scenarios proposed, in a way directly relatable to the mechanisms underlying each indicator. In addition, our findings highlight the importance of landscape structure (composition and configuration), that could even play an important role in the behavior of the environmental externalities. This suggests the necessity of incorporating some kind of landscape evaluation in the agri-environmental indicators employed to assess agri-environmental externalities.
